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3D object detection network based on symmetric shape generation
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Abstract ;3D object detection based on point cloud is essential in many applications, such as robotics, autonomous driving. LiDAR point
clouds contain reliable geometric information for 3D scene understanding. However, due to sparsity and occlusion, point clouds depict
only partial surfaces of objects, which severely degrades the detection performance. To handle this challenge, we propose a novel two-
stage detector based on symmetric shape generation ( SSG-RCNN). The shapes of 3D interested objects are roughly symmetric. In the
first stage, SSG-RCNN predicts a symmetric point for each foreground point to complete objects shapes while generating 3D proposals. In
the second stage, SSG-RCNN utilizes self-attention pooling module to aggregate proposal-wise features from raw points and symmetric
points. Finally, proposal-wise features are used to refine 3D proposals. Extensive experiments on KITTI benchmark show that SSG-
RCNN has remarkable detection performance. Especially for hard difficulty level objects, SSG-RCNN achieves 77. 64% AP on the KITTI
test set, which is better than previous state-of-the art methods.

Keywords :3D object detection; LiDAR point cloud; autonomous driving

GRS RO LS R A SR R NS S -
PR LE , O T 8 RO 5 5 BoA 5 1 = e 254
FE, B RN R MRS SR, TP

0 5

il

=4 A AR SE B A B B b OCHE Y — 3R, A
[ T 4 F bR 60 53 i AR B9 2D 1 FUE, =4k H
P o B A A B AR 19 TR EE A5 B, FI B H AR B 3D
(i, Fdan T HOGH I8 8 = 850 BORE HE TR B2 A5 B, 2k
TROE A 2z 89 =4 F AR I B0 2 24> 5 BRI R

S H 197.2023-01-18 Received Date; 2023-01-18
w LA TUH )N T S SUSE & RITE (202206030005 ) ¥ B

I BIAFAE , O R 2z Jaik Ak B AR B SE B AR, S 2
YRS RS BN SE R X 4 = 4k H A i At ok
TARKAGPRAR . A SCER 5T Al 76 = 4k H s A 4 55 o
T B3R 4 200 0 19 82 00, 56 0 T H AR T AR A B 52 B0KS
TR = ZEAE 5T



% 6 1

VobiZe 45 BT BRI AR A U = 4 F Ao I 160 2% 253

AL T 5 2 i =4 B ARES ISR I ] L3 S
AT FETRR T RS T A ik, BT
TRER D5 A TE I B4 6 = e A I RS O AT IR R
fiEZi it , et F = A4 3D A5 AR HR SR IBURFIE I-5¢ i A A
I RS i DE il &SI PR (RN S f P ok
o EORE AR fE B BT AR J7 Ik
PointNet' """ SEAE Y B4 GG £ 25 h SR IBURFAE , RAIE T
FAERPRT AL o (H A0 2R S i AT s 4 SO R, o5 2
PER A THE i, P AL T i 5 5l 5 HAL T i 455
i, — R TR O AR GRS R AR Tk
FMARAPBIRIEE . BRI T A A = A A
O UREF T 58 B 285 14 2 T A I 2 25 i H AR B R
fRE.

TET AT P AR 8 K £ JE R P TR R, L A 0 o 2% 5 2L
FEOr PR = 4 F BRI AR A R DR ¥ A 2 4FE B HRORS 9 1Y
3D P FHE, 28 TR i 5 A B bR B kA
S HARIEAR . SA-SSDMC Bt — I B AT: 55 FH 12 2T i
SR E RO 5 Z 8] AR AR D RS | 78 B INAT: 55 10 e
T, MR UK R AE REAS 1571 4 & U254 (5 B, LiDAR-
RCNN' " $i H— 7l FH 1 B BERE B FH 08 1 M i — 4
HE 76 B Be b A R AE R, LIDAR-RCNN 5] A 3 56
VEHE L 2 8] Y AL R B R RAE L H (5 B . X EET7 vk RE
BEF FHRFRRAF B AEE 20 T FAR BB R DX
9 T PSR RN ) R0, — S8 T AR 22T H AR i B
P XK O F AR S TBAR . STENet ™ £
I B {68 P XL A s TRDRE A HEAE B 20 1) 5k il il = VR O
SRR H AR, (EJR 5 B0 A S i Bl a4 2 )|
S AL SPGY R — i F 1 T S 45
M AR 2SR R AR BT B Ok AN A bR i = .t TRk
FH BARIESEIRAR , SPG K = ZEHE N 1 BT A7 X I A0 AL
DRI DI TR A RN T F bR e, T
FHARNER, XL S B R m BB R,
2 T EA L IR IR X

WL B 5238 7 57 T IO = 2 F AR KRBT DAL
MFRIEAR (ARG ), BT =48 B AR bRy — 5l I &
FAAEE 73— BRI PR A, AR AT 2 v P A i3
S BBEARRS TR AT, R LRSI R 29— A0 R 8, A RO
PRI HARIIRAR B, o XA 7 s A X FR 52046 78 B bR
PRI, 5B M ERE R — 2, T Bk
R A SR — OB B 532 | B T X BRI AR A B
=4k H bR K W 2% ( symmetric shape generation, SSG-
RCNN) . 7E — By Bt X 342 22 W 2% (region proposal
network , RPN ) A& Bl A5 e AE i [R] B, 15231 B9 X BR a5 A st
HeAR IR GURRAE , TR0 11 55 /5 AR R o 4 S S
SR LB A Al T B 1R B A, AT LA R T R )
I ELSER FR R4S . R BB, B A TR A

22 T Pk SR AR A T AE B S 14 D 0y 5 TR R e, P 1 T R
IR ARG A PN 1 4 JRy 1 AR UL, A 2R AR T
TRREREBIE . —Br Bemil i #r i 583 1 H AR ARTE
B BB AR A TERE D HLH RE S AL 8 5 s TR Y
ORI, 8 W25 G S I 45 1T LA Jon v b A 4k f ok
MEQZYE $ i =2k HARKG I (G . 76 KITTI' B4 4R
A SRR B BT B I 25 M T AT A AR . £ BT
AT T TTRANT

1) 48— R =2 F AR B B0 S, a4
JSCHIT S i 0 PR R S =4 R B Bl X, 37
VLI N GR A i aURERY | BB A X AR S AT 5 S 5
o

2) 4t — o T X AR IR AR A = 4k F AR A I )
2% T — Wi B rb S50 i R HE 4 ) I AR SO FR s, T Hoik
T —FRE T A TR PSR A A SRR AR AL R AR
B B b ML RO B i R R R AE ] T EE RS IE

1 IBigoir

SSG-RCNN (AR ZER AR 1 s, 76 1 BB,
T SeE AT s IR FE AL W = G s as A N R Z
FAMAR PR BB IR RS ECR T, R Z R E g M IR %R
T SR, HEE 3D B B BUE R R 2 S
15 R RFER RIS B R4 A B2 7, 45 8 R AE Sy 3 i LA
S S HERAAEAR 25 A 3 BRSO W LR 43 BESE Y 178, RPN
BN = AR IE AR R 24 B — 4 15 W PR AE , (] — 2
FRA: AR AE XA A AT HORE = HERFAE R L RAE 5
JE U 25 [ 53 HER AT 1) 5 GURRAE, A FH A SRR 58 AT 55
JEVAL 6900 = I (1B S O C R 2 15[l 1 b = o i L 4
— R B BB AR X FR A, RPN A HR G R A A A
He ] At FH = 4 R AR 58 SRS [ AT 55, 3 Rl RRAIE 46 22
R G T RRAE 0 T A BRI, HLAS ARG pR AT DR
Xof 5 P AR A 1 R B A 3R

FE2 BB, H R T bR 7 T R A AR SRR
I K SRR AE 52 RS 40 = ZEHEMBIE . — B B A
) A HEE A A0 A JEBG 4 X 8K, X 4% A7 R Y8 X 388 B 30T R
P — T B 9 A, AL S s FTOERR i, A FH 4k 23 4 B
[ e L O B =W B LY Ay O e & o (| Bl R e =
S T AR S S 2 R A S | B R R A 75
Bl — A FAEAGEAE 42 J5y 23 (83 UM BRI, 1224
IS5 S 3 3o 4 2 42 22 R A 7R Y 1) = G AE 43 28 A [l T AT
%, BT RSN G TR M4 1 45 AR
L1 —MEEEEERR

T 3D B A R B e R R R B, S v
% 3D M G RUZ T =4 E R, 3D M S R
PRGBS, 25 B 05 6 BUR T B B AL, HFRAE4R



254 %A R ¥ R Fa4%
IDFHER  (3DFHRREM
— | —
I 700 [ [,
: 7t ] | ‘
..... | g cepr | e . —r
it SR HER S =IRIE
. : D) -..: . | b
et WEAR | GRE |
TR R | ARG

iz A BUE ]

R T

SRR WA XA

L | BR
- ——" R

43 SRR | Z4ESES ‘
| RIEAE
| »

" BASE MALASE —RRERR

1

Fig. 1

BUS RSy —A A2 A 3 A FREEZ A JZ B A
3x3x3 FRIEE TR K, FHFHRBPIGFRE, T RFEZ
B R 2 1Y 3x3x3 SRR H A, Bl 2 i
SE1 3x3x3 T B, R BUR H A0 2 R Ef
AL ERAE R ReLU #4075 pRE, 3 i R AE 48 LR, 7R A
BT 1/8 r i) —HEFRIEA

RPN #EH 7 57 A2 i — By Be (M = 2 A, 7 Je il
& 7 P SRR AR 152 S A R I T ERRIE I,
Bifi 5 i F— R0 BRE 3x3 [ 2D &k — 20 B G HRE
S5 S R R P AN M J2 03 50l 52 B0 AT 55— A ATE [l U1 4
%, R anchor-based F 5 342 i = 4EHE | 76 BN FRAIE
o7 bV B W R 1] B9 anchor, 0°Fl 90°, XF T 43 24T
5 BTN anchor J& T 0T 5t B A5 WAL ; XF F [0l 19 4%
55 M FN = 4EHE 5 anchor Z2 [A]3% 22 1H.,
1.2 FHERE AR AER

W1 PR XR S A SRR A R R 2 R4
IR B T ORME = HERRIE IR, PTLAE R 5
XK aii A BUASEHRA B —FR S Bl Unet (9 MIZ8 454, X Fh R
SRR b RS AR 5 15 2 A s SRR B R A IR
ZHF ALV RO R AR A AR N S B E

1) SRR B E

i 3 A LSRR 2 58 RS SRR AR SR I, R AR
—A~ 3x3%3 M BB 3x3x3 TSR A,
it S B TR = e R AR IR B 20 HE %, T E B Y
RS RERERIEEE, H{f e R:i=1,-,
M FoRIEEE] S PR M FoR IR E ARG B SR C
ANFHIEEIESL

2) XK s A AR

SUBCRRAE 8 1o 2 1 2 WL TR G S AR AE {f, e R,
i=1,-, M}, Pt B R R 5 ¢ AR, i —
AERAEEN sigmoid PRI A 5326 head , U i AU T
RIS IER .o 75— ERAYEZME R B head , T A

SSG-RCNN ¥ 45 4544 £
The architecture of SSG-RCNN

SRS RR B Z A AR IR RS B s, s, HLA AN AR
RXGG Y ERAPR22E, BT =4 BARKI til
H A 00, AT LUBBE R FR s Im B8 U AR TE X il S
Y i, Z AR R AL

3) Yk HAxR

i p, s i A S RIZRABRAE . AR AL T =4
FRUEHE N AR, UZ s iS5 8 H p, = 1, W SN 5
A H p. =0, fHiH Focal Loss™ AL B 5 /15 5 500
215, Focal Loss RI LAZR M 15 =~ Wl o8 - 75 s i B0
A ), o3 R A

1o

Ly =X = all =p) log(5) (1)
pos !
- Pis pi=1
= i (2)
l-p, p;=0

Horfr M, R (ERER) B35 o Ay RIT
A B I R B, S P 0= 0,25,y =2,

s, FORHD |45 PUI B 2 0 0 A B B
5 KSR A 25 ST B = A A P %
HEAT AR E LIRS Smooth — 1, BREUR R fLAT
PR T 55, B F

1 M -
ZSmooth = 1,(s;, s)p; (3)

L, 2

b, p, JERS I SRS , 2 W] A TEREAS (4
MA 225 R AT

S IEANRNTE 55, XK A Az s B n] L3 47 A2
JRRT S R RS AR s TR S B AR I AR, S — i B ) e
HEBIEAR P SR A AR i 5 2.3 1A SR 2 SRR
TR A AT LA RO AR R H R AR L
1.3 BEEAMUE

P 2% BB 5T 3 G M R AE A 2 AL RRAIE , X A T HE
07 BB RN ST — 20 9 B (ol HC T e 1 H A A 52

mo_
g



% 6 1

VobiZe 45 BT BRI AR A U = 4 F Ao I 160 2% 255

(EE, AR, e B PO NG B2 55 A0k 2 ME AR AT R A 28R
BEARSC, MU AR SO Y FE R A2 T R O
A7 A2 Jey 23 T BB HE AR IE . 1 VR0 i A2 T

HE B AT [+ IR SR A S M X AR A, BRAT 8 B 1 H AR IE
ARAE R IR A LS g 05 RFAE PR FE 1Al 2
7R

Softmax

P
/ __
73D [ ‘ Softmax
: ] VAYA
weptmyt | []#E
2 A .
|
PRI | N
PRAEE ; >
L —
® MR
@ SEFEAM

K2 A= E

Fig.2 The architecture of self-attention pooling module
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FRECZ I A X HE 25, S50 & B SSG-RCNN HX Bk i A=
BB X Sl e AL AT FH [R] 1 A~ = 4R AEAR R, % A
B 2% BREUZ M5t T A AR A 81 B o A ) s SR, kX
FRN A B I, B B D 50 R AR I e iy
BEAHR R b S Y2, TR B PPAG 6 G U A Sz D125 1Y
XFFR A BORE R AN T B 1 5 20 S AN TR R 5, 0 ~
20 m IR RS, 20 ~40 m R AFIE B, 40 m DLk ki R
B RN A R AR B X R A ORS B A S EA
W 4 Fros TR FR s Az Y 007 B 158 22 R0 22 W /N B 155
T BRA YN nT US55 i A R

4) MR AR S0 45

i 90% BV ZRFEA 5E B, SSG-RCNN [ £ 1) )11 5,
FE KITTI PERAE L FEAT 505 KITTL B M4 (1 38 bs by
AP (R40) , Z/R i 1] 40 A3 111 2 0 F 5 S S48 2
F 5N, BT M4 AT Car ZEHIF 3 Fh % 51 4 46 00 8
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Table 2 Detection performance on KITTI validation set ( AP-R11)
Car-3D AP(RI11) Cyc-3D AP(R11)  Ped-3D AP(RI11)
ik s
iy £ rhag PRIxE rhag &g
VoxelNet!*! CVPR2018 81.97 65. 46 62. 85 47.65 53.42
SECOND"® Sensors2018 88. 61 78. 62 77.22 67.75 52.98
PointPillars'®/ CVPR2019 86. 62 76. 06 68. 91 62. 68 52.29
SA-sspt®! CVPR2020 90. 15 79.91 78.78 - -
3psspt! CVPR2020 89.71 79. 45 78. 67 - -
PointRCNN'#) CVPR2019 88. 88 78.63 77.38 69. 70 63.70
PV-RCNN''"% CVPR2020 89.35 83. 69 78.70 70. 47 57.90
VoxelRCNN!7] AAAI2021 89. 41 84,52 78.93 - -
Votr-TSD!?7) 1CCV2021 89. 04 84. 04 78. 68 - -
SVGA-Net[ ] AAAI2022 90. 59 80.23 79.15 - -
DSPF-RCNN!?! Hh % 2022 89. 59 84. 40 78.99 73.90 60. 10
SSG-RCNN - 89. 67 84. 00 79.31 71.57 59.77
£ 3 KITTI BiE&E _FEMEREXT EL (AP-R40)
Table 3 Detection performance on KITTI validation set ( AP-R40)
Car-3D AP (R40) Cyc-3D AP(R40)  Ped-3D AP(R40)
Tk Wk
[EES g PRI 3 g 4
SECOND'*) Sensors2018 90. 22 81.54 78. 69 68. 71 52.07
PointPillars®’ CVPR2019 87.75 78.39 75.18 62.94 51.41
SA-ssD!®! CVPR2020 92.23 84. 30 81.36 - -
PV-RCNN[!*] CVPR2020 92.57 84. 83 82. 86 71.95 56. 67
VoxelRCNN'"! AAAI2021 92.38 85.29 82. 86 - -
spG ICCV2021 92.53 85.31 82. 69 74.35 61. 80
DSPF-RCNN!?! i EOE 2022 92. 49 85.25 82.82 75.20 60. 07
SSG-RCNN - 92. 84 85.27 83.10 71.56 60. 15
R4 WHREERBE
Table 4 Accuracy of symmetric point generation
L Hi S A 3/ % YR S LB A R 25/ m
ot biis g S s¥N biis 4G i JEYEN
A I 89.22 86. 97 64.30 88. 28 0.08 0.11 0.16 0.09
PPN 2 85.53 82.42 61.12 84. 42 0.08 0.11 0.17 0.08

4351 88.35% ,82. 11% ,77. 64% , 7Efaj B 2% 71| 1 A5
T A e ARG IDRG 2 5 A v A5 R R ) L B T R v
KRS BE P B B2 07 . SRR 25 R 8 kB T
JIT B 45 ELA etk i H ARSI A

FLURIN 5, A L 5 B9 K I 5 7 DSPF-RCNN , JiT 2
W46 15 Car 28551 A0 v 25 FITR HESR 53 1 43 5 B T 1. 07%

F1.10% WORE BESR T, IXSONE I T R4 T 3 SR T Xt
PR KR 0 =4 BAR 25005 8., DL A D14k
JEXT B AR R 5 R A B A
2.4 WHMLER

7 UL AT SSG-RCNN 7E =4k H brAs: I v fig
FRARTE BRI A 1E KITTL 5088 5 b iy ml 04k 45 5
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Fz 5 KITTI MR & _ LN EEXT EE ( AP-R40)
Table 5 Detection performance on KITTI testing
set ( AP-R40)

Car-3D AP (R40)

Fik s — - :
HES LR IR M
VoxelNet'*) CVPR2018 77.47 65. 11 57.73

SECOND'*) Sensors2018 83.34 72.55 65. 82

PointPillars'®’ CVPR2019 82.58 74.31 68.99
SA-Sspl1e) CVPR2020 88.75 79.79 74. 16
3DSSD! ) CVPR2020 88. 36 79.57 74.55

PointRCNN'®) CVPR2019 86. 96 75. 64 70.70

PV-RCNN!" CVPR2020 90. 25 81.43 76. 82
VoxelRCNNL7! AAAI2021 90. 90 81. 62 77. 06

Votr-TSD! %] ICCV2021 87.83 81.77 77.16
SVGA-Net' 2! AAAT2022 87.33 80. 47 75.91

DSPF-RCNN'?)  H[E#O% 2022 89.90 81.04 76. 54

SSG-RCNN - 88.35 82.11 77. 64

Jf5 SECOND M4t 2 Rt Arxt kb, &l 4 A1 5 2 r 41
TR BB PIA R, BT R A S SSG-RCNN 46 i
5L RS SECOND Al 45 3L, 21 68 — 4EHE (8 /A
R W ELSERRAS SR S HERE (8 MR TR S TR
ghEOL . XFHCIE 4 F ARG I G S W] A $1]) SECON A5 46
I B A A BRI B AR, T SSG-RCNN B DG H B
WEB T SSG-RCNN Xt 7€ B 25 H b 094G 0 48 35, e A1,
SSG-RCNN AJ AR X FR f A OB 52 =4 H AR gt
518, DOTAGI HE 4 7™ S R4 0 B bR, anf&l S o, Bl
2 KITTI %4l 42 3% A Ar v 1™ 3+ H A5, SSG-RCNN
SCCINDY i RsiE il N

(a) SSG-RCNNA 25 5

(b) SSG-RCNN# I 45 5
ZHETTHAL ZHETTRAL
(a) 2D Visualization result (b)3D Visualization result
of SSG-RCNN of SSG-RCNN

(¢) SECOND#E Il 45 5 (d) SECOND#& I 4 5
ZHERTRAL =HERTRL
(¢) 2D Visualization result (d) 3D Visualization result
of SECOND of SECOND

4 AL RS 1

Fig. 4 Visualizations of detection example 1

o5
=)

.

(a) SSG-RCNNA: I 45 5

(b) SSG-RCNNA& I 45 5
THERT AL ZYETTRIAL

(a) 2D Visualization result (b)3D Visualization result

of SSG-RCNN of SSG-RCNN
(c) SECONDH I &5 51 (d) SECONDA &5 5

TR =TT

(¢) 2D Visualization result (d) 3D Visualization result
of SECOND of SECOND

K5 ariAeas R 2

Fig.5 Visualizations of detection example 2

2.5 HERSEI

SHET T Rl ST 5 T ) 4% v % SRR R A R A
XPPR AL FERE AL Z . T XS FR s AR IR SE,
EARAER O AR R BARSCHR A3 . T A TR I L )2
FIEEAIE | 7E X AR B A i B PointNet M4k 20 E, 1M
LA RN 6 FR .,

%6 KITTI WiEsE bilRistR
Table 6 Ablation study on KITTI validation set

R Car-3D detection (IoU 0.7)
PointNet H{ER  XFFRAL R . )

SECOND bl oty am M
v 90.22  81.54 78.69
v Vv 92,36 84.57 82.36
v vV 92.37  84.81 82.74
v v v 93.02 84.96 82.72
v \ v 92.84  85.27 83.10

SFHE 6 (055 2 (TR 4 47, UL L 6 1055 3
TS 5 13,07 LU 50 G636 R 1) PointNet H {6216 52
1R 3 ARJZE X B 42 OB 8 T LA RO 75 0
ety =4 FLARR IR FE . ELIKTT 3 | FIAALAE RO T
I A e o S ) 1 R RS R R T 48
0. 39% 1 0. 46% , XFFi A A LS T2 Bt T =2
FARIE IR BB, 4 A 25 R A R 2 A7
B BRI PRI, T 5 5 4 0 R
V1 6 1 7 48R T JEA 4 2 AR A1 A 1 25 T
fEss 5, HPTEIRT LT LI Y | 2 R A R , 2
R = AR 4153 T IR, T L B 0 5
SRR =24 F AR
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Ko Jsthmz
Fig. 6 Raw point cloud

K7 MNP AESRRE RS

Fig.7 Point cloud with symmetric points

PR 6 W5 4 AT M S AT, LA XT L ® 6 1Y
55 2 ATHIER 3 47 MR HLEY PointNet M AL)Z | APk ity
A R Al 2 AR SR R AT SO R T = 4 H AR A
KR, BRI, 4L e T, A TER b 2 e
SEYON LAl R RS BE R T4 1R 0. 24% F10.31% , HTE
B AL EAE R A R HERRE A, A Transformer 4574
el i S AE R SUT 0 s, ASE 4 JRy i SR 8L, i B A ik
HEFRFIE B AE AL T = & 1 B AR AR(S B, AT 42 = — B
BHEIERIREE
2.6 HiMEERTLE

# SSG-RCNN W 2% [y iz 17 3 J& 5 HAth i1 BB Bt
R 8k A7 X EE, T 4R I 46 A9 32 1T B RE 3 T 3090
ARV, Hh X H T T R I R R e Sy
TR,

SR 7 BTow, B8R O kMR DU R E Ok
89 ms, M %A 11 Hz, W] LA 2 O A 10 Hz A9 45
RN A H T I At A KB B K I 2%, SSG-
RCNN iz 17 3 B & T v A7 K7, B T3 43 SR B
G0 ) 4%

®7T KEEXTLL

Table 7 Detection speed comparison

: Point SVGA-  DSPF-  SSG-
ik PVRCNN  STD

RCNN Net RCNN  RCNN

#EMT/ms 100 91 80 62 64 89

2.7 BERERMEIEERIE

AT 2 B B B Y TR SR A ] X
BORAEA M = 4k 5 = F s T B I ZR A g e, o
& 8 F1'9 Tz, 7 Fel DX N 4 Sl B MOt B TR 1 48 R 2 —
4 i =B

K8 SR Bon EA

Fig. 8 Experimental road section

Ko st
Fig. 9 Road side unit

T A A R M A B Y S 5 5 SR S ) an
& 10 1 11 J7s Bk B R 2200 2k 4 o5 = (. — 4
HE, A5 M A X5 BR 05 AR WS B9 05 = AT = 4EHE, /i
P&l 10 AN 11 AT, X AR i S 0K , T B 1T DA O
M T = A HARAE , T4 A X BRI IR A B W mT LA
A3k Ml 8 R A RO R O = 4k HAR TR B, IE B B
PR AR TR SR

(a) RIGR = (b) A5 2R
(a) Raw point cloud (b) Detection result

K10 Ao B AR 25 SR 1] 1
Fig. 10 Detection result of SSG-RCNN on local data.
Example 1



%5 6 1 VobiZe 45 BT BRI AR A U = 4 F Ao I 160 2% 261

(a) FRIER = (OF:IEES
(a) Raw point cloud (b) Detection result
11 A BRI 25 R oR i 2
Fig. 11  Detection result of SSG-RCNN on local data.
Example 2
3% o’
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